Better understanding of the temporal-spatial distribution of chlorophyll-a concentration (Chl-a) is crucial in controlling harmful water blooms. In this study, the dynamical change of Chl-a over the Bohai Sea and Yellow Sea from 2003-2017 were analyzed by using the MODIS/Aqua satellite data, and the effects of sea surface temperature (SST), wind and wave were investigated. The typical distribution modes of long-term surface Chl-a were extracted by using the Self-organizing Mapping (SOM), neural network model. The results showed distinct seasonal variations of the Chl-a along with a gradual increase in the study period. The total Chl-a of the whole area reached the lowest value of 2.41mg/m 3 in July, and the highest value 3.43mg/m 3 in April; though in Laizhou Bay, the Chl-a concentration was significantly higher than other regions and the value reached at the peak in September. The spatial distribution showed that Chl-a decreased from inshore to offshore. Meanwhile, from clear mode to low, medium, and high concentration modes, the Chl-a gradually increased in coverage and concentration, and modes extracted by the SOM neural network have effectively elucidated the trend of Chl-a in spatial, seasonal, and interannual variability. The Generalized Additive Model (GAM) was used to evaluate the effect of SST, wind, and wave on the changing patterns of Chl-a. It was found that there is a significant nonlinear correlation between Chl-a and SST, wind speed, mean wave direction and significant height of the wave. These influencing factors accounted for 47.9% of the change of Chl-a, which had significant effects on Chl-a change. Compared with wind speed, mean wave direction and significant height of wave, SST can better explain the change of Chl-a. Besides, wind direction and increased human activity (e.g., river discharge) played a significant role in changing the Chl-a distribution in the Bohai Sea and Yellow Sea.
I. INTRODUCTION
With the rapid development of the social economy, the environmental pollution of the ocean has become increasingly serious [1] . The harmful algal blooms caused by the eutrophication of water have become a prominent problem of water environment pollution, endangering the human health, marine environment and the balance of marine The associate editor coordinating the review of this manuscript and approving it for publication was Wenming Cao . species [2] , [3] . The chlorophyll-a concentration (Chl-a) changed drastically with the bursting and disappearance of harmful algal blooms [4] . Chl-a is a key parameter in evaluating harmful algal blooms intensity [5] , [6] . Therefore, by understanding the spatial and temporal variations of Chl-a, we could have a better picture of the ocean environment monitoring and help reduce the economic losses.
The Chl-a monitoring methods include targeted campaigns of in-situ sampling by ship as well as satellite remote sensing observation [7] , [8] . The satellite remote sensing has the VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ advantage of large spatial coverage, long-term and dynamic detection, which can make up for the deficiency of the insitu monitoring of the high cost of getting long-term data sets. By reviewing the status of ecological indicators for the pelagic ecosystem, Platt and Sathyendranath [9] discovered that remote sensing is an essential tool to obtain some ecological indicators of ocean color data. Chaves et al. [10] further explored the spatial-temporal variations of Chl-a with Moderate Resolution Imaging Spectroradiometer (MODIS) data and compared the results with that from in-situ measurements. They pointed out that satellite data could provide reliable information on the general trends. By using the remote sensing data, some studies have reported the spatial and seasonal distribution of surface Chl-a in the lakes and oceans. Zhang et al. [11] linked Chl-a in Lake Taihu to reflectance derived as a function of MODIS band 2 data to analyze the temporal and spatial variation of Chl-a. In the South China Sea, Shen et al. [12] used monthly climatology of Sea-viewing Wide Field-of-view Sensor (SeaWiFS) Chl-a based on nine years of data to illustrate the Chl-a seasonal variations and spatial structures of Chl-a in the northern South China Sea. Joo et al. [13] used algal communities to identify patterns in the eutrophication process of a river, revealing the seasonal occurrence of an algal genus that resulted in the occurrence of a seasonal cyanobacteria bloom. The variation in phytoplankton community structure may occur in response to the environmental variables [14] . Nishijima et al. [15] explored the Chl-a changes at different Secchi depths in the different time and space scales and found that the lack of nutrients, especially phosphorus, limited the increase in phytoplankton biomass. Hao et al. [16] suggested that the thermal water discharged from the two power stations was a driver of the ecosystem's change in Daya Bay. Several factors, including nutrients, salinity, dissolved oxygen, and chemical oxygen demand, varied according to the increase in the water temperature. These factors affected the water quality, Chl-a, and phytoplankton in the short term and impaired aquatic organisms and the whole ecosystem in the long term. Mamun et al. [17] and Abbas et al. [18] found that the monsoon has dominated the nutrients concentration and algae growth in the watershed. Water temperature and wind are the most important factors in marine ecosystems, small changes in water temperature and wind could have considerable environmental impacts on ecosystems [19] . Previous studies have traditionally investigated the variations of specific values of Chl-a with satellite data, but few studies have shown more intuitive results based on Chl-a modes and simultaneously analyzed the effect of SST, wind, and waves on Chl-a. Based on the Chl-a obtained by the MODIS satellite data, our primary goal is to explore the temporal and spatial distribution characteristics of 15-year Chl-a in the Bohai Sea and Yellow Sea. The Self-organizing Mapping (SOM) was a feasible method for extracting and showing patterns in long-term temporal data in a more comprehensive fashion. To more intuitively evaluate the concentration of Chl-a, we use the SOM neural network model to classify Chl-a and study its temporal and spatial variation trend. Secondly, we present the temporal and spatial changes of SST, wind, and waves, to investigate whether the variability of Chl-a is attributed to SST, sea surface wind and waves. The study uses the Generalized Additive Model (GAM) to analyze the linear and nonlinear relationship between SST, wind speed, waves, and Chl-a and reveals the effects of single and multiple influencing factors on the change of Chl-a.
II. MATERIALS AND METHOD A. STUDY AREA
The Bohai Sea and Yellow Sea are located in North China and are semi-enclosed. The Bohai Sea is connected with the Yellow Sea through the narrow pathway of the Bohai Strait [20] . This unique geographic condition gives the sea longer water residence time and provides longer retention time for pollutants [21] . The Seas are also under the influence of the eastern Asian monsoon. The mean wind directions from north and northwest prevail in winter, whereas in summer favored wind direction is from the south [7] . Natural variations in water temperature and light conditions lead to changes in the growth of phytoplankton [22] . A comparison of the Sea surface temperature (SST) between the pre-burst and the harmful blooms points out that SST had significant shift [23] . There are many large to medium-sized rivers discharge into the Bohai Sea and Yellow Sea. They flow across large areas of agriculture and industry, bringing about a large amount of freshwater and nutrients to the Bohai Sea and Yellow Sea. The seas are important regions for fishery and aquaculture. The eutrophic state of the sea, especially near the coast, is severe [24] . Over the last decades, water quality problems including harmful algal blooms occurred in the Bohai Sea and Yellow Sea [25] , [26] .
The Yellow Sea is a semi-enclosed coastal sea with an area of 380,000 km 2 connecting the Bohai Sea with open waters-the East China Sea; the Bohai Sea with an area of about 77,000 km 2 may also be considered to be part of the large Yellow Sea ecosystem ( Fig. 1) . In current study, to discuss the temporal-spatial variation of Chl-a and correlation with the Sea Surface Temperature (SST) and sea surface wind in different environment conditions ( Fig. 1) .
B. DATA
The monthly chlorophyll-a concentration (Chl-a) data with 9-km spatial resolution from January 2003 to December 2017 were obtained from MODIS Aquarius by the National Aeronautics and Space Administration (NASA) (http://oceancolor.gsfc.nasa.gov). As MODIS aqua started in 2002, the Chl-a data from the Sea-viewing Wide Fieldof-view Sensor (SeaWiFS) in 2000 and 2004 were used to compare the changes in Chl-a before and after ''Water and Sediment Adjustment'' Project of the Yellow River, which is on the basis of the good agreement between the two time series of monthly Level-3 Chl-a products in the Bohai Sea [26] .
The monthly Level-3 MODIS aqua SST data from January 2003 to December 2017 were used to investigate the environmental changes in the Bohai Sea and Yellow Sea (http://oceancolor.gsfc.nasa.gov). The reanalysis data of monthly global sea surface wind, mean wave direction (mwd) and significant height of wave (swh) were acquired from the European Centre for Medium-Range Weather Forecasts (ECMWF) ERA-Interim (http://apps.ecmwf.int).
C. METHOD
The flowchart of the study method in this work is illustrated in Fig.2 . Mainly, the remote sensing data are used and preprocessed to obtain multiple data (i.e., Chl-a, wind, SST, swh, mwd) of the Bohai Sea and Yellow Sea. In addition, the temporal and spatial distribution of three datasets and their modes from 2003 to 2017 were analyzed by using SOM metric. Finally, the GAM method was used to explore the impact of environmental factors on Chl-a.
1) MOVING AVERAGE SEQUENCE
In order to eliminate the seasonal changes of Chl-a, the Chl-a time series were smoothed with the moving average to highlight the significant changes in the longterm sequence. The sliding average sequence calculation formulas are as follow:
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where x i represents the Chl-a of the i th month, n is the length of the time series, k is the sliding length of moving average.
2) SELF-ORGANIZING MAPPING (SOM) NEURAL NETWORK
The self-organizing mapping is a kind of unsupervised network and able to find the inherent law among data, thus it forwardly changes the parameters in the network structure [27] . There is a commonly used network topology: the input layer and competition layer. The Chl-a, i, is expressed as a vector, x i . Vector x i is considered to be an input layer for the SOM. Each node, j, is connected to each input node, i. The connection weights, w ij (t), change adaptively at each iteration of the calculation, t, until convergence is reached through minimization of the difference, d j (t), between input data x i and the weight w ij (t):
Initially, the weights are randomly assigned small values. The neuron responding maximally to a given input vector is chosen as the winner, the weighted vector of which has the shortest distance to the input vector. The selected neuron, and possibly its neighboring neurons, is allowed to adapt by changing weights to further reduce the distance between the weighted vector and the input vector as shown below:
where Z j is assigned 1 for the chosen (and its neighboring) neuron(s) and is assigned 0 for the remaining neurons. The term η(t) denotes some fractional increment of correction for learning. The radius defining neighborhood is usually set to a larger value early in the training process and is gradually reduced as convergence is reached. The weights of the bestmatching unit and neurons close to it are adjusted toward the input vector through the interactive calculation in the SOM lattice. The network is flexible for data organization.
3) GENERALIZED ADDITIVE MODEL
A generalized additive model is a generalized linear model in which the linear predictor depends linearly on unknown smooth functions of some predictor variables, and interest focuses on inference about these smooth functions [28] . GAMs were originally developed to blend properties of generalized linear models with additive models The model relates a univariate response variable, Y, to some predictor variables, x i . An exponential family distribution is specified for Y along with a link function g relating the expected value of Y to the predictors via:
The functions f i may be functions with a specified parametric form or maybe specified non-parametrically, or semiparametrically, simply as smooth functions, to be estimated by non-parametric means. The flexibility to allow nonparametric fits with relaxed assumptions on the actual relationship between response and predictor, and provides the potential for better fitting to data than purely parametric models [29] .
The parameters edf, P-value, deviance explained and Adjustment coefficient (R-adj) are used to characterize the statistical results of the model, where edf represents the degree of freedom of the estimated value, and it is determined whether the dependent variable has a linear relationship with the respective variable (when edf = 1, it indicates that the factor has a linear relationship with chlorophyll a content, and the larger the value means the stronger the nonlinear influence ability). P-value represents the significance level of the statistical results, concerning its assessment of the correlation between each factor on the dependent variable. The two parameters deviance explained and R-adj is the model's interpretation rate of the overall change of the dependent variable, and values closer to 1 is better [28] .
III. RESULTS AND DISCUSSION
The spatial and seasonal patterns of Chl-a in each month from 2003 to 2017, represented by climatological monthly images, were shown in Fig.3 . Throughout these months, the Chl-a in the Bohai Sea showed much higher values than those in the Yellow Sea, and decreased gradually from the coastal waters to the deep-water basin. The highest Chl-a was in the coast of the Bohai Sea and the north coast of Yellow Sea.
The seasonal dynamics of Chl-a in the Bohai Sea and Yellow Sea resulted in a growth process from December to May. The Chl-a increased gradually and reached a peak in spring when large areas of the sea were at a relatively high level. In summer (June -August), the Chl-a (>10 mg/m 3 ) in the Shandong Peninsula coast, Liaodong Peninsula coast and Korean Peninsula coast continually increased and reached the high values in a year. The Chl-a values in the central Yellow Sea during summer and early autumn (June-September) were significantly lower than those from spring to winter (December-May). The major part of the sea showed relatively low values of Chl-a. The Chl-a in the entire Bohai Sea and Yellow Sea reached the lowest value in summer, while the high level of Chl-a in the coastal regions lasted until September. The transition period started in autumn (September -November), the Chl-a in the deep sea gradually increased, whereas the coastal waters and the Bohai Sea showed a decreasing trend.
2) AREA DIFFERENCE IN SEASONAL VARIATIONS OF CHL-A
To gain more insight into seasonal variations of Chl-a over different locations, three sub-regions in the Bohai Sea and ± 0.2 mg/m 3 ) was identified in Region C, but no maximum occurred in September or October. In general, the Chl-a in Region A was relatively higher than that of in Region B and Region C in all months. In Region A, the maximum Chl-a appeared in the spring of 2000, while the maximum Chl-a occurred in autumn of 2004 ( Fig.4b) , because the ''Water and Sediment Adjustment'' project of the Yellow River was implemented from June in 2002. This project brought large quantities of nutrients and increased the biomass and diversity of phytoplankton, and the impact can last until September [24] .
3) INTERANNUAL VARIATION OF Chl-a
The interannual variations of Chl-a during 2003-2017 displayed different patterns for the three sub-regions and the yearly Chl-a averages from 2003 to 2017 were calculated and smoothed with moving average sequence (Fig. 5) . The Chl-a has an upward trend with a slower growth rate. More specifically, the Chl-a in Region T kept increasing from 2003 to 2006 when met a peak. Then, it decreased in 2008 and increased in 2009 ever since. In Region A, the Chl-a was continuously decreasing from 2004 to 2011 when met a valley, and then increased in 2012 ever since. The Chl-a in Region A was relatively higher than that of in Region B and Region C, and the amplitude of variation was relatively small in compared to the past 15 years. A similar interannual trend was identified in Region B and Region C. The Chl-a peaked (11.37 mg/m 3 and Yellow Sea. It was found that 2 × 2 network structure presented the most reasonable result among multiple network structures. According to the distribution of Chl-a, the modes 1-4 were sequentially defined as clear mode, low concentration mode, medium concentration mode, and high concentration mode in this study (Fig.6 ). The Fig.6 showed that the distribution of Chl-a in a variety of patterns existed otherness. In the clear mode, there was low Chl-a, and the Chl-a in the Bohai Sea was slightly higher than that in the Yellow Sea. The coverage area of Chl-a was expanded in low concentration mode. In addition, the concentration in the northern Yellow Sea and near the Shandong Peninsula increased significantly. From the low concentration mode to the medium concentration mode, a ring belt with relatively high concentration was formed near the coastal shore. For the high concentration mode, the Chl-a was generally increased, and the high Chl-a was concentrated near the coast, especially the Shandong Peninsula, the Liaodong Peninsula, and the southwest coast of the Yellow Sea, while the central part of the Yellow Sea is slightly low. The Chl-a in different concentration modes showed a decreasing trend from the coast to the deep sea, which was consistent with the trend in Fig.4 .
The occurrence frequencies of various patterns in different months were calculated, as the main pattern of the month with the highest occurrence frequency (Fig. 7) . The results showed that the low concentration mode was predominant in January, November, and December, and a small number of high concentration mode appeared. The dominant mode from February to April was the high concentration mode, and May was a transitional month in which multiple modes coexist, with the high-concentration mode as the main mode and the low-and medium-concentration mode as the auxiliary mode. Compared to June and July in which the clear mode was the main one, the concentration from August to October was relatively high, mainly in a medium concentration mode. The spring was dominated by the high concentration mode, and the summer was the clear mode, and May and November were a transitional period in which multiple models coexist, which was consistent with the high value in spring and the low value in summer in Region T (see Fig.3a ).
The number of modes appearing in different months of each year in the Bohai Sea and Yellow Sea was counted, and the most frequent was taken as the main mode of the year ( Table 1 ). The Chl-a showed a trend of increasing during 2003-2008 and then decreased during 2012-2017. The high concentration mode prevailed from 2009 to 2011. It could be seen that, from the changing trend, the Chl-a increased year by year while the growth rate slowed down. The trend of change was consistent with the interannual variation of Chl-a in Region T (Fig. 5a) , and it could more clearly show the changing trend of 15-year of the Chl-a. 
B. EFFECTS OF SST, WIND, AND WAVE ON Chl-a 1) TEMPORAL VARIATION AND SPATIAL DISTRIBUTION OF ENVIRONMENTAL FACTORS
The SST ranged from 0 to 30 • C during this study (Fig. 8) , exhibiting both spatial and temporal variability. Temperature displayed a similar trend in four regions in all years, increased from spring to summer and decreased in fall. The SST of the Bohai Sea and Yellow Sea reached the maximum value in August. Besides, the variation range of Region A was more drastic than that of Regions B and C.
The analysis of 15-year composite monthly mean SST images showed that there was a seasonal and spatial variability of SST in the Bohai Sea and Yellow Sea (Fig. 9 ). In summer, the dividing line of temperature was not significant, and temperature in all seas exhibited no significant difference. From autumn to spring, the temperature in different seas varied greatly and has a distinct dividing line. From south to north, the temperature gradually decreased, and the thermocline changed significantly. The temperature in Region C was the highest, followed by Region B and Region A was the lowest.
The Bohai Sea and Yellow Sea are under the influence of the eastern Asian monsoon. Sea surface wind speed ranged from 0 to 8 m/s in this study, exhibiting both spatial and temporal variability (Fig. 10) . Generally, average wind speeds in Region B and Region C were higher than that of Region A, and this difference was not obvious in Region B and Region C.The highest wind speed levels were observed in winter and the lowest in spring, as shown in Fig. 11 .
Wind direction showed strong temporal and spatial variability ( Fig. 11) , generally, the prevailing wind direction was opposite in winter and summer. The north wind prevailed in winter and the wind was relatively stable and strong, while the southwest monsoon prevailed in summer and the wind was unstable and weak. In winter, the Bohai Sea primary wind direction was north-northwest and the primary wind direction was northwest in the Yellow Sea. The primary wind direction was south in spring. In autumn, this period was the monsoon conversion season. The wind direction was north-northwest in the Bohai Sea and Yellow Sea.
The wave field was consistent with the wind field in each season, so only list two seasonal wave fields for the reference. This may due to the geographical factor that the Bohai Sea and Yellow Sea belong to the marginal sea, in which the mixed wave is dominated by wind wave [30] . The wave field was listed, as shown in Fig 12. In order to easily observe the wave direction, we adopt a unit vector for both of the wave direction, and used the background color to indicate the value of significant wave height.
In spring, as shown in Fig 12, the significant wave height in the Bohai Sea and Yellow Sea was low in the whole year and the Bohai Sea and Yellow Sea primary wave directions were south-southeast and southeast. The relatively large regions located in the surrounding waters of the South Yellow Sea, above 1.0 m. The significant wave height in most of the Bohai Sea was below 0.5m. In summer, the Bohai Sea and Yellow Sea were influenced significantly by the monsoon. The primary wave direction in the study waters was south. The autumn was the monsoon conversion season. The wave direction was north-northwest in the Bohai Sea and Yellow Sea. The large wave height center was located in the south of Yellow Sea, above 1.3 m. The relatively large region distributes in the north of the Yellow Sea and the center of the Bohai Sea. In winter, the Bohai Sea primary wave direction was northwest. Under the significant influence of the northeast trade wind caused by frequent and powerful cold air, the significant wave height was clearly greater than that during the other seasons. Most areas of the Bohai Sea and Yellow Sea were above 1.0 m.
2) IMPACT OF ENVIRONMENTAL FACTORS ON THE VARIATION OF Chl-a
We fitted a GAM to the response Chl-a, with smooth terms for SST, wind speed, swh and mwd ( Table 2 ). The result showed that the effect of Chl-a change was significant (P<0.1) in the study area except for the mwd of Region A. In the Region T, Region B, and Region C, the SSTs have the highest interpretation rate (30%-40%) of Chl-a change, and the values of R-adj (0.303-0.400) are largest, followed by wind speed, swh, and mwd, respectively. The Chl-a shows a significant nonlinear correlation with the SST, wind speed, swh, and mwd in Region T, Region B and Region C (edf >1). The highest interpretation rate in Region A is swh (17.6%) and there is a significant nonlinear relationship between swh and Chl-a. The Chl-a in Region A is closer to linear correlation with SST, wind speed and mwd.
The results of the GAM model fitting multiple influence factors on the change of Chl-a showed that the SST, wind speed, swh, and mwd accounted for 47.9% of the change of Chl-a in Region T, which had a significant effect on the Chl-a change ( Table 3. ). The mwd of Region A is not put into the GAM model because P-value is greater than 0.1. The SST, wind speed, swh and mwd have the maximum interpretation rate for Chl-a in Region B, followed by Region C. The combined effect of SST, wind speed, swh and mwd on the change of Chl-a were not equal to the sum of individual factors due to the interaction between them (Table 4) .
For interpretation, one wanted to understand the influence each covariate has on the probability of Chl-a. The curves for SST, wind speed, swh and mwd were shown in Fig.13 in different seas. The vertical axis represents the smoothing function value, the numbers in parentheses indicate degrees of freedom, the dashed line indicates the upper and lower limits of the confidence interval, and the solid line indicates the fitted curve.
The water temperature should reach a threshold in order to promote the physiological activities of phytoplankton. When SST in Region A is higher than 15 • C, it is beneficial to the growth of algae and increases the Chl-a. Compared to Region A, the SST in Region B and C that increases the Chl-a was below 15 • C (Fig.13) . Changes in water temperature can also cause changes in other environmental factors, which further affect the growth of phytoplankton [31] , [32] . In spring, the convective mixing of sea water brought rich nutrients from the deep seabed, and the temperature rise was conducive to the photosynthesis of phytoplankton, thus phytoplankton bloomed and the Chl-a increased [33] . The SST continued to rise in summer. The decrease of oxygen, silicate, phosphate, and other nutrients, as well as excessive temperature, inhibited production and growth of phytoplankton, which led to a decrease of Chl-a [34] . These results indicate the change of Chl-a was affected by multiple factors, and the single factor was not able to fully explain the annual change pattern [35] .
The wind has an important impact on the growth of phytoplankton. The results of GAM analysis showed that when the wind speed was relatively low, the Chl-a was relatively high, but when the speed was greater than 2 m/s, the Chla significantly decreased (Fig.13 ). The summer monsoon pushed the Yellow Sea warm current, which brought a lot of nutrients from south to north to that helped to growth of phytoplankton. The increase of Chl-a was also caused by the large-scale reproduction of phytoplankton [36] . The conclusion is consistent with Arfi et al. [37] who have found that the wind speed was maintained in a relatively low range, which is conducive to the reproduction of phytoplankton, and also allows phytoplankton to gather far from the coast. Beyond that, a significant correlation between Chl-a and waves was identified in the offshore and near the coast. There is a positive correlation when swh is less than 0.5m and mwd is greater than 200 • in Region A, and when swh is greater than 1m and mwd is greater than 200 • in Region B and C. The agitation of wind waves would release the hidden nutrients on the seabed and bring them to the surface [38] , [39] . The wind and wave would also make the phytoplankton in the surface layer move with the wind direction and change the geographical position, furthermore, bringing new species and biomass to some seas [40] , [41] . These comprehensive factors increased the Chl-a along the coast.
On the other hand, the Chl-a was also negatively correlated with wind speed to some extent [42] . Excessive wind speed disturbed the sea water, resulting in re-suspension of water sediments, the turbidity of the lake and reduction of acceptable light energy of phytoplankton [37] . Meanwhile, the phytoplankton was able to be buried at the bottom of the suspended sediment. The wind also brought cold water with a small number of nutrients [43] . The cold water mass brought by winter winds lowered the water temperature, which limits the growth of phytoplankton and reduces Chl-a.
Generally, Table 3 shows that the interpretation rate of SST, wind speed, swh and mwd for the variation of Chl-a were only 47.9%, which proved that there were many other factors that affect Chl-a. Coastal discharge is also an important topic in the application of remote sensing data in the coastal waters with numerous rivers and islands near the coastline [18] . The discharged waters contain a high concentration of organic and inorganic materials. Discharge materials, driven by the rainy season, were transported from rivers to the coast, which increased the nitrogen, phosphorus and other nutrients in the mouth of the river and near the coast providing the material for the phytoplankton reproduction and growth. The central Bohai Sea and Yellow Sea also had high Chl-a. This may be attributed to water exchange between coastal waters and offshore waters related to the Bohai Sea and Yellow Sea circulation (including the warm current extension, Liaodong coastal current, and Yellow Sea coastal current) and windtide-thermohaline circulation [44] . The water-exchange can enhance coastal nutrient transporting to the central Bohai Sea, thereby promoting phytoplankton growth. Besides, the Bohai Sea and the Yellow Sea were also an important farm for marine aquaculture with abundant crustaceans and fishes, which can release dissolved nutrients and sediments [38] . The input of artificial feeds also aggravated the degree of eutrophication [14] . The stronger stratification and less mixing not only provide a higher percentage of photosynthetically available radiation (PAR) that is available for photosynthesis, but also lead to high water clarity and thereby deepen the euphotic layer depths. These conditions can favor phytoplankton growth [45] . These factors have also led to an increase in Chl-a.
IV. CONCLUSION
The temporal-spatial distribution of Chl-a and the impacts of environmental factors in the Bohai Sea and Yellow Sea were studied in this paper. Results showed that the Chl-a in the Bohai Sea and Yellow Sea increased slowly in the recent 16 years with significant seasonal variations. The Chla reached the highest value of 3.43mg/m 3 in April and the lowest value of 2.41mg/m 3 in July, while Region A had the highest Chl-a in September. The spatial distribution showed that Chl-a decreased from inshore to offshore. The Chl-a in the deep sea decreased from spring to summer, yet the coastal Chl-a remained high until October. The SOM neural network was used to extract typical modes of long-term Chla from 2003 to 2017. From clear mode to low, medium and high concentration modes, chlorophyll gradually increased in coverage and concentration, and model extracted by SOM neural network could effectively elucidate the trend of Chl-a in spatial, seasonal and interannual variation. The high concentration of Chl-a was mainly in the coast of the Liaodong Peninsula and the Shandong Peninsula, while the Chl-a in the deep sea was relatively low. The Chl-a was the lowest in June and July, the highest was from February to April, and the remaining months were in the middle and low concentrations mode.
The wind was also one of the key factors that influence Chl-a due to the effect of discharge materials from seabed sediment and promoting phytoplankton aggregation. According to the GAM model, there was a significant nonlinear correlation between Chl-a and SST, wind speed, swh, and mwd. The SST promoted the increase of the Chl-a when the temperature was appropriate. However, the growth of phytoplankton would be inhibited when the temperature exceeded 3 m/s in the Bohai Sea and Yellow Sea, which affected the increase of the Chl-a. Lower wind speed helped the drift of algae to accumulate and caused an increase in Chl-a. Wind direction also affected the distribution of Chl-a in our study area. The wave is also a key factor contributing to the variability of phytoplankton growth. He is the author of more than 30 peer-review articles. His current research interests include remote sensing, GIS, climate change, and irrigation agriculture.
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